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Multiplatform multiscale data fusion of soil moisture

V Past decade has witnessgtbbal burgeoning of soil V On a daily scale, individual platforms have
moisture datasetdrom in situ networks and remote limitations such as incomplete spatial coverage
sensing platforms. and errors in soil moisture retrievals.
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Multiscale data fusion: a spatial hierarchical approach
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Data fusion across scales

C For the nonstationary process model at point scale we define the "
)

corresponding soil moisture distribution at a spatial support A as: @ P8 R represents observed SM')

data from all the platforms.

— 1 oo s
y(A) - A fy(s)ds Y Y Bh arethe biases associated
A with each observation.

C We use a numerical approximation by assuming a-$icele gricG to (ﬁis the Nx N error matrix. )
approximate the stochastic spatial integrabulting in a change of support
matrix Hand use it to perform data fusion of multiple soil moisture platforms.
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Simultaneous validation at point, airborne and satellite scales
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Figure 3, Validation plots for holdut data at point and airborne scales

for A) SMEX02 and B) SMAPVEX12.

V For each day, we validate the fusion framework using-hol
out data at point and airborne scales and bgckdicting

the satellite pixels.

C The proposed scheme is applied to 5 days
during SMEX02 and 10 days during
SMAPVEX12.

Table 1, Root mean squared error (RMSE) values at

point, airborne and satellite scales.

DOY Fine Airborne | Satellite
SMEX02
176 0.033 0.007 0.004
178 0.033 0.008 0.001
182 0.051 0.012 0.003
189 0.066 0.017 0.002
190 0.054 0.014 0.005
192 0.057 0.015 0.008
SMAPVEX12
164 0.045 0.058 0.014
167 0.057 0.053 0.023
169 0.051 0.062 0.022
174 0.045 0.062 0.024
177 0.055 0.061 0.049
179 0.058 0.045 0.037
192 0.048 0.035 0.034
196 0.059 0.039 0.028
199 0.046 0.043 0.021
201 0.026 0.031 0.018




